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ABSTRACT

ARTICLE HISTORY

In order to evaluate the risk level of water inrush caused by karst
cave accurately and effectively, a novel quantitative assessment
model was established based on the reliability theory and genetic
algorithm-back propagation (GA-BP) neural network. First, the reliability theory and the calculation formula of the minimum safe
thickness were used to calculate the water inrush probability.
Second, the GA-BP neural network was applied to predict the disaster consequence caused by water inrush. Six factors, including
water pressure, hydraulic supply, type of gap, filling situation,
degree of water enrichment and reserves of cave, were selected
as the input layer of the neural network. The disaster consequence was selected as the output layer. Similar projects were
screened to obtain statistical information for indices, and the
Normand function in MATLAB was used to transform the information into quantitative data. Finally, the model was established by
combining the probability and disaster consequence of water
inrush. The 602cave in Yesanguan tunnel was taken as an engineering sample to verify the feasibility of the novel model. The
obtained results showed that the proposed model is comprehensive and accurate in quantitative assessment, which has good
application prospects in engineering.
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1. Introduction
With the rapid development of infrastructure construction in China, more and more
high-risk long tunnels are waiting to be built. And most of them are in the karst
mountains in western China (Li et al. 2017). Typical karst structures are mainly divided into three types, large karst cave, karst fault and dissolution fissure, which are
the main difficulties in tunnel construction (Bukowski 2011). Once large-scale water
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and mud inrush is triggered, it will lead to delayed construction period, increased
cost, casualties and other incalculable disaster consequences (Li et al. 2015; Shi et al.
2017). According to the previous engineering cases, the water inrush disaster caused
by karst cave accounted for the largest proportion. And it has the characteristics of
strong explosive force and large water irruption quantity (Li et al. 2020a, 2020b).
Therefore, it is necessary to predict the risk level of water inrush caused by karst cave
in advance to prepare for subsequent construction and risk management.
In recent years, the research on water inrush caused by karst cave was mainly the
derivation of the minimum safe thickness. Many mature theories, including strength
theory (Chu 2017), catastrophe theory (Li 2009), etc. have been used to calculate the
minimum safe thickness between karst cave and tunnel. Among them, the improved
calculation formula based on the principles of structural mechanics and fracture
mechanics has also been proved to be effective. The application of catastrophe theory
further enriched the applicable range of the minimum safe thickness calculation formula. It can be used to analyze the instability process of water-resistant rock strata
from two aspects of static failure and dynamic failure. When the distance between
the tunnel and the karst cave is less than the minimum safe thickness, the probability
of water inrush disaster will increase significantly. In general, such studies provided
an effective criterion to analyze whether water inrush will occur in tunnels. But in
the calculation process, there are still some defects that cannot be ignored. For
example, the uncertainty of the parameters has not been taken seriously. For parameters like rock strength and Poisson ratio (Wang et al. 2017a, 2019d), fixed values cannot represent their true changeable state.
The research on the prediction model of disaster consequences in the field of water
inrush is relatively mature. Xu et al. (2011) proposed the dynamic evaluation model
of water inrush in karst tunnels based on the analytic hierarchy process. On this
basis, Li et al. (2019) improved the method of determining indices weights in the
evaluation process based on variable weight theory and established the relationship
between index weight and index value. The application of the ideal point method
(Wang et al. 2019e) and attribute interval theory (Wang et al. 2019b) proved the
feasibility of the multi-objective optimization evaluation method. Wang et al. (2017b,
2017c, 2019c) applied the set pair analysis method, efficiency coefficient method and
intuitionistic fuzzy theory in karst tunnels water inrush risk assessment to achieve the
quantitative assessment of karst tunnels water inrush disaster consequences. However,
the probability of water inrush disasters was not considered in the above methods.
And the ideal risk assessment result is composed of the probability and consequence
of water inrush disaster. In addition, the above research methods are not accurate
enough to predict the consequences of water inrush disasters caused by karst cave.
Their research object is karst tunnel in a broad sense, without distinguishing different
disaster sources. And it is unreasonable that indices such as interlayer fissures and
formation lithology are used to represent the characteristics of karst caves.
The article aims to introduce a new risk assessment model for water inrush disaster caused by karst cave. Based on the complexity and randomness of the underground environment, the prediction of water inrush probability and disaster
consequence would be performed independently. The first step was to calculate the
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probability of water inrush based on the reliability theory and the minimum safe
thickness formula. The entire calculation process would be implemented in
MATLAB. And considering the uncertainty of the geological environment, the probability density distribution of random variables would be applied in the calculation
rather than fixed values. The second step was to predict water inrush disaster consequence based on the genetic algorithm-back propagation (GA-BP) neural network.
The input indicators and training data of the neural network were derived from the
actual cases of water inrush disasters caused by karst caves. The output of the neural
network was an ideal quantified result instead of a level, for example, I, II, III, IV,
et.al. The third step was to determine the final risk level by combining disaster probability and disaster consequences. The risk grading standard in the current Chinese
current norm ‘Interim Provisions for Risk Assessment and Management of Railway
Tunnels’ was selected the judgment criterion. Finally, the 602cave in Yesanguan tunnel was analyzed as an engineering application case to verify the feasibility and effectiveness of the proposed model.

2. Methodology
2.1. Calculation principle of reliability method
Reliability is the ability of a product to perform a predetermined function under
specified conditions, measured in probability (Zhang 2015). It is mainly accomplished
by selecting the performance function, writing the calculation program with
MATLAB software and repeating the calculation. The performance functions are
often divided into dominant functions and recessive functions. Here, the formula of
minimum safe thickness of karst tunnels was used as the dominant performance
function. When the resistance capacity of against-inrush rock strata is greater than
the disaster-causing force, the rock strata can effectively prevent the occurrence of
water inrush. With the value range and distribution state of independent variables,
the Monte Carlo method in reliability theory is adopted for multiple calculations. The
higher the frequency that the resistance is less than the disaster force is, the higher
the possibility of water inrush is.
2.1.1. The calculation formula of the minimum safe thickness
When the reliability theory is used to calculate the probability of water inrush, the
key lies in the selection of the formula of the minimum safe thickness. The relevant
calculation formula is shown in Equation (1).
hs  h1 þ h2 þ h3

(1)

Where, hs is the distance between the tunnel and karst cave. h1 is the thickness of
karst fracture zone. Both are determined by geophysical prospecting or drilling. h2 is
the effective against-inrush thickness, which needs to be determined by further calculation. h3 is the influence thickness under blasting disturbance and excavation unloading, which is generally 1.5 m based on experience (Meng et al. 2020). When hs is
equal to the sum of h1, h2 and h3, the rock strata between tunnel and cave is in a
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Figure 1. Schematic diagram of Equation (1).

critical state, as shown in Figure 1. According to the comparison between the sum of
h1, h2, h3 and hs, whether water inrush occurs can be judged. When hs is larger, the
rock strata can effectively prevent water inrush. When the sum of h1, h2 and h3 is
larger, water inrush disaster will occur. Among them, h1 and h3 represent the thickness of the rock strata that cannot effectively resist water inrush.
The calculation of effective against-inrush thickness is mainly divided into relatively intact rock mass and non-intact rock mass for analysis. They correspond to the
two main failure modes of the water-barrier rock strata, the whole instability failure
and hydraulic fracturing failure. The judgment criterion of the failure mode is the
classification criterion of rock mass integrity, as shown in Table 1. Jv is the number
of joints contained in each cubic meter of rock.
When Jv is less than 10, the integrity of rock strata is better, and its failure mode
is the whole failure instability. The rock strata can be simplified into an elastic thick
plate model, and the theory of Reissner thick plate is adopted to calculate the effective
against-inrush thickness. When shear stress or tensile stress of the dangerous section
exceeds its shear or tensile strength, the rock strata loses its ability to resist water
inrush. Unlike reinforced concrete members, there is a significant uncertainty in the
parameter values of rock strata, which makes it impossible to determine the most
dangerous cross section. Therefore, the final water inrush probability should be the
sum of probability caused by tensile failure and shear failure. This makes the calculation results more conservative and safer. When tensile failure is used as the control
condition, Equation (2) is the formula for calculating the effective against-inrush
thickness. Equations (3) and (4) are the calculation formulas under shear failure (Guo
et al. 2018).
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Table 1. Classification standards for rock mass integrity (Ministry of Railways 2008).
Jv (Number/m3)
Rock mass integrity

<3

3–10

10–20

20–35

35

Integral

Relatively integral

Relatively broken

Broken

Extremely broken

h2 ¼

h2 ¼

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
15ð1  l2 ÞR2
40rt ð1lÞ
P

 48ð1 þ lÞ

(2)

PHW
P
2ðH þ W Þð ci Hi  tan / þ cÞ

(3)

HþW
4

(4)

R¼

Where, R is the equivalent radius of the rock wall. When the rock wall is a rectangle,
H is the height of the rock wall and W is the span of the rock wall. rt is rock mass
tensile strength. l is Poisson ratio of rock mass. P is the water pressure inside the
cave. c is the weight of rock mass. u is internal friction angle of rock mass. c is rock
mass cohesion.
When Jv is greater than or equal to 10, the integrity of rock strata is poor, and its
failure mode is hydraulic fracturing failure. According to the type of crack, it can be
divided into two cases to consider. When there are many non-penetrating cracks in
the against-inrush rock wall and the crack tip is prone to splitting failure under the
action of high pressure. Based on the fracture mechanics, the formula of the effective
against-inrush thickness can be derived according to the critical internal water pressure of the rock mass, as shown in Equation (5).
(


ln k  ln k 

a sin ð2wÞf ð1  cos ð2wÞÞ cos ðwÞ
a sin ð2wÞ þ f ð1 þ cos ð2wÞÞ cos ðwÞ þ plc
pﬃﬃﬃﬃﬃﬃ
)
2000Pw af cos ðwÞ1000K1C plc

cH1 a½sin ð2wÞ þ f ð1 þ cos ð2wÞÞ cos ðwÞ þ cH1 plc 

11R
h2 ¼
17

(5)

Where, H1 is the buried depth of the tunnel. k is the lateral pressure coefficient. a is
half of the main crack length of the rock mass. f is the friction coefficient of the
intermittent crack surface. lc is half of the rock bridge’s length. The more detailed
derivation process can be found in reference (Guo 2011).
When there are penetrating cracks in the against-inrush rock wall, the effective
against-inrush thickness can be calculated based on the slice method. The waterblocking rock plate is simplified to a statically determinate beam. The stability of
rock wall is calculated according to the method of calculating the retaining wall. The
detailed calculation steps have been listed in reference (Xu et al. 2020).
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2.1.2. The calculation principles of Monte Carlo method
After the calculation formula of minimum safe thickness is determined, the dominant
performance function could be constructed. The Equation (6) represents the limit
state of the rock wall, and the Equation (7) is a performance function with the essential random variables. Then, the Monte Carlo method is applied to calculate the probability of water inrush. Based on the enough random numbers, N calculations can be
carried out by the MATLAB software. When the random event, g < 0, occurs m
times, according to Bernoulli theorem of the law of large numbers, the frequency of
random event in N independent tests is m/N. In other words, the probability of water
inrush is m/N.
g ðX1 , X2 , :::, Xn Þ ¼ hs h1 h2 h3 ¼ 0

(6)

Zi ¼ g ðX1 , X2 , :::, Xn Þ

(7)

The method (Li et al. 2018) for calculating the water inrush probability of the rock
wall is shown in Equation (8).


n

Pinrush ¼ P U Zi  0
i¼1



ð
¼

ð

n

U Zi 0

ð
fX ðxÞdx ¼ ::: n

i¼1

U Zi 0

fX ðx1 , x2 , :::, xn Þdx1 x2 , :::, xn

i¼1

(8)
Where, f x (x)¼ f x (x1, x2, … , xn) is the probability density function of basic random variables X¼ (X1, X2, … , Xn). Equation (8) represents the failure probability of
the against-inrush rock wall under many failure modes. i ¼ 1n represents the multiple failure modes.
According to the previous description, there are multiple failure modes that can
trigger water inrush. The two major types of failure modes, the whole instability failure and hydraulic fracturing failure, can be judged based on jv. But the tensile failure
and shear failure under the whole instability failure cannot be distinguished. When
the failure mode of rock wall cannot be determined accurately, it should be treated as
a series system to calculate the probability of water inrush. For example, when it is
uncertain whether the water inrush is caused by tensile failure or shear failure, the
final probability should be the sum of the probabilities in the two cases. Similarly,
when the integrity of the rock mass is poor and the detection equipment cannot
determine whether the crack is penetrating, both must be considered. However, based
on the aforementioned classification of rock failure modes, the hydraulic fracturing
failure caused by the nonpenetrating crack and the tensile failure under the whole
instability failure will not occur at the same time.
2.2. Concept of GA-BP neural network
BP neural network is a kind of multilayer feedforward neural network which is
trained according to the error reverse propagation algorithm. By training itself, the
network learns certain rules to predict results (Yu et al. 2017). It can be regarded as a
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Figure 2. BP neural network topology.

nonlinear function. The input value and output value of the network are independent
variables and dependent variables of the function, respectively. Its topology is shown
in Figure 2. When the numbers of input and output nodes are m and n, the BP
neural network expresses the function mapping relationship between m independent
variables and n dependent variables (Wang 2013).
Essentially, the BP algorithm is a gradient algorithm for nonlinear optimization,
which is prone to fall into a local optimal solution. GA, also known as genetic algorithm, is based on the evolutionary principle of ‘survival of the fittest’ in biological
world. Individuals are screened through selection, crossover and variation in heredity
according to the selected fitness function. Individuals with good fitness value will be
left. This cycle will be repeated until the termination conditions are met. The Genetic
algorithm can make up for the defect that the neural network is prone to fall into the
local optimal solution by optimizing the initial weight and threshold of the network.
Therefore, the GA-BP neural network will be used to predict disaster consequences of
water inrush in the proposed model.

2.3. Criterion of risk grading
After the calculation of the probability of water inrush and the prediction of disaster
consequences are completed, the risk level can be evaluated according to Table 2. In
general, the probability of acceptable risk in engineering cannot be higher than the
probability of social disasters that people face in their daily lives, such as traffic accidents, lightning strikes and nuclear power plant leaks, etc. Therefore, the acceptable
probability of water inrush disaster in karst tunnels must be less than 0.0003. In order
to ensure that the boundaries between the probability levels are clear, the probability
value of the higher level in the adjacent levels is usually ten times the probability
value of the lower level. Evaluation factors, including deaths, economic losses and
construction delay, will be considered in the assessment of the consequences of water
inrush disasters, as shown in Table 3. Disaster consequences are determined according to the highest level to which these three factors belong. When all three factors
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Table 2. Risk grading standards (Ministry of Railways 2008).
Consequence level
Probability level
Most possible（>0.3）
Possible（0.03–0.3）
Accidental（0.003–0.03）
Impossible（0.0003–0.003）
Most impossible（＜0.0003）

5
4
3
2
1

Slight

Large

Serious

Very serious

Catastrophic

1
High
Moderate
Moderate
Low
Low

2
High
High
Moderate
Moderate
Low

3
Very high
High
High
Moderate
Moderate

4
Very high
Very high
High
High
Moderate

5
Very high
Very high
Very high
High
High

Table 3. Disaster consequences grading standards (Wang 2010; Wang et al. 2019a).
Degree of disaster consequence
Catastrophic
Very serious
Serious
Large
Slight

Deaths/number

Economic losses / Million yuan

Construction delay /Month

>30
10–29
3–9
<2
<0

>300
100–300
30–100
10–30
<10

>10
1–10
0.1–1
0.01–0.1
<0.01

belong to the same level, the level of disaster consequences is classified according to a
higher level.
The acceptance criteria for different risk levels are as follows. When the risk level
is low, it is negligible and does not require any treatment measures and monitoring.
When the risk level is moderate, it is acceptable. No action is required beyond monitoring. When the risk level is high, it is not expected. Risk treatment measures must
be taken to reduce risk and strengthen monitoring. And the cost of reducing risk
cannot be higher than the losses caused by the risk. When the risk level is very high,
it is unacceptable. That is necessary for engineers to reduce the risk level to the high
level at all costs (Ministry of Railways 2008).

3. Establishment and validation of the evaluation model
3.1. Engineering background
Yesanguan tunnel is located at Hubei Province in China, with a total length of
1.38 km. Karst is developed in the tunnel excavation area, with faults, karst pipes and
underground rivers. And the maximum depth is 695 m (Ma 2012). The 602cave is
located outside the sidewall of the DK124 þ 602–625 exit section in the tunnel I line
and mainly filled with mud, water, limestone rock. The surrounding rock grade of
this section is Grade II, and the rock mass is relatively integral. According to the analysis of on-site exploration data, the development range of the 602cave is about 40 m
on the left side of DK124 þ 600þ875, and about 100–150 m on the top. And the
cave is connected to the No. 3 underground river through the F18 fault with a good
hydraulic supply. The elevation of the underground river exit is 1050 m, which is
250 m higher than the tunnel. The engineering geological profile of Yesanguan tunnel
is shown in Figure 3.
3.2. Calculation of water inrush probability
According to the on-site exploration data, the distance between the 602cave and the
tunnel sidewall, hs, is 7.5 m (Huang et al. 2018). The effective against-inrush area of
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Figure 3. Engineering geological profile of Yesanguan tunnel (Wu et al. 2009; Ma 2012).

the rock wall is 8 m high and 23 m long. The thickness of the karst fracture zone, h1,
is 1.2–1.9 m. The impact thickness under blasting disturbance and excavation unloading, h3, is 1.5 m. Since the integrity of the rock wall is good, the effective againstinrush thickness, h2, will be calculated according to the whole instability failure
mode. And both tensile failure and shear failure are considered.
The probability density distribution of the random variables is shown in Table 4,
in which the tensile strength, Poisson ratio and gravity of the rock were considered
according to the normal distribution. Among them, the tensile strength value was the
test result in the saturated state. Due to the lack of on-site data, the water pressure,
internal friction angle and cohesion were considered in accordance with the uniform
distribution (Guo 2011). The detailed operation code is shown in the Appendix A.

3.3. Construction of GA-BP neural network
3.3.1. Acquisition of training data
To better describe the characteristics of the high-pressure water-rich cave, six indices
including water pressure, hydraulic supply, type of gap, filling situation, degree of
water enrichment and reserves of cave were selected as the input layer of the neural
network. Among them, water pressure and type of gap have a great relationship with
the amount of inrush in the early stage of water inrush. Hydraulic supply, degree of
water enrichment and reserves of cave are related to the possible duration of the
water inrush disaster and the later hazard intensity. When there is a lot of fillings in
caves, the probability of mud inrush will greatly increase. In the case of mud inrush,
the disaster consequences are often more serious. Disaster consequence was taken as
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Table 4. Distribution of values of random variables (Guo 2011).

Average
Standard
deviation

Tensile
Rock severe
strength /MPa Poisson ratio
/KN/m3
Normal distribution
3.515
0.223
26.22
0.463
0.023
0.672

Water
pressure /MPa
1.1

Internal
friction
Cohesion /MPa
angle /
Uniform distribution
35.4
26.88

Table 5. Input layer indicators grading standards and quantitative processing (Xu et al. 2011;
Wang et al. 2017b, 2017c).
Disaster grade
Water pressure /MPa
Quantitative classification
Hydraulic supply
Quantitative classification
Type of gap
Quantitative classification
Filling situation
Quantitative classification
Degree of water enrichment
Quantitative classification
Reserves of cave /m3
Quantitative classification

I

II

III

IV

>3
75–100
Well
75–100
Collapse
75–100
Full filling
75–100
Water-rich
70–100
100–120
83.33–100

1–3
25–75
Better
50–75
Broken
50–75
Half filling
50–75
Seasonal water
30–70
50–100
41.67–83.33

0.5–1
12.5–25
Moderate
25–50
Split
25–50
Less filling
25–50
Dry cave
0–30
10–50
8.33–41.67

0–0.5
0–0.5
Weak
0–25
Drilling
0–25
No filling
0–25
0–10
0–8.33

the output layer of the neural network, and the number of neurons in the hidden
layer was 10.
In order to facilitate the data learning in the neural network, each input index was
graded and quantified based on the ability to induce disaster. The situation that four
of six input indices are qualitative descriptions is no stranger because of the uncertain
karst geological environment. The quantization process is to convert the qualitative
information of each index into a quantitative range between 0 and 100. Classification
standards based on previous research are shown in Table 5. According to the grading
standards for disaster consequences in Table 3, the output index will be quantified
and graded in the range of 0–100. 80–100 corresponds to catastrophic consequence,
60–80 corresponds to very serious consequence, 40–60 corresponds to serious consequence, 20–40 corresponds to large consequence and 0–20 corresponds to slight consequence. Based on the same quantitative value range, the connection between the
input indices and the output index in the neural network is easier to be constructed.
The 990cave in Dazhiping tunnel, the 978cave in Malujing tunnel, the
YDK24 þ 158cave in Xiangshan tunnel and the DK406 þ 422cave in Bieyancao tunnel
(denoted as Samples 1, 2, 3 and 4, respectively) were selected to generate network
training data. By consulting a lot of literature, a qualitative description of each indicator of each sample could be found, such as the water pressure of Sample 1. Then
according to the grading standards of each index in Table 4, the qualitative description could be transformed into the quantitative range. Based on these ranges, the
probability density distribution of each index could be obtained. Here, it was assumed
that each input index is normally distributed, and the standard deviation is estimated
according to the 3r criterion. That is, the average value of the index in the quantitative value range is three times its standard deviation value (Li et al. 2018). The
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Table 6. Data statistics of each cave sample (Wang 2010; Huang 2011; Lei 2011; Ma 2012; Zhong 2012).
Water pressure

Hydraulic supply

Type of gap

Filling situation

Degree of water
enrichment

Reserves of cave

Sample 1

0.1–0.24MPa

Good, controlled
by rainfall

Large area collapse

Sediment, clay;
Full filling

Water-rich

About 0.15 to
0.20 million m3.

Sample 2

0.8–1.2 MPa

Controlled by rainfall,
lag rainfall 2–4 days

Large area collapse

Water-rich

Sample 3

1.3–1.5 MPa

Well; no rain during
the water inrush

Water-rich

55 m 400 m 65 m；
About
1.1 million m3.
About 0.13 to
0.15 million m3.

Sample 4

>1 MPa

No filling

Water-rich

602 Cave

1–1.2MPa

Good; Increased water
inrush after rainfall.
Well; Large-scale
fault zones
will connect the
underground
river and cave.

The initial collapse
is 600 m3 and
the length of gap
is 31 m.
Split; About 9 m2.

Clay crushed
stone;
Half-filling
Half-filling

Broken; The gap
is 23 m long
and 8 m high.

Block stone,
sediment;
half-filling

Water-rich

About 0.024 to
0.025 million m3.
About 0.5 to
0.6 million m3.

Disaster consequence
The tunnel 540m is completely
blocked, and the construction
period is delayed for
several months.
The construction period was
delayed for two years and
15 people were killed.
Subsequent occurrence of water
inrush, submerged equipment;
large-scale settlement of the
surface, collapse.
No deaths, delays in construction
–

Table 7. Range and distribution of each input indicator.
Water pressure
l
Sample 1
Sample 2

Sample 4
602 Cave

2.5–6
4.25
0.583
20–30
25
1.667
32.5–37.5
35
1.667
25–35
30
1.667
25–30
27.5
0.833

Hydraulic supply
l
85
75
80
70
82.5

r
80–90
1.667
70–80
1.667
75–85
1.667
65–75
1.667
80–85
0.833

Type of gap
l
90
90
85
40
70

Note: l stands for average; r stands for standard deviation.

r
85–95
1.667
85–95
1.667
80–90
1.667
35–45
1.667
65–75
1.667

Filling situation
l

Degree of water enrichment
r

l

85–95
90

80–90
1.667

85

55–65
60

1.667

85

1.667

85

1.667
80–90

1.667

85

55–60
57.5

1.667
80–90

15–25
20

1.667
80–90

50–60
55

r

1.667
85–90

0.833

85

1.667

Reserves of cave
l

Disaster consequence

r

12.5–16.66
14.58
0.693
90–93
91.5
0.5
10.83–12.5
11.665
0.278
2–2.08
2.04
0.013
41.67–50
45.84
1.388

l

r
80–85

82.5

0.833
90–95

92.5

0.833
75–80

77.5

0.833
60–70

–

65

1.667
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Table 8. The parameter settings of Genetic algorithm and BP algorithm.
GA algorithm
Evolution
number
100

Population
size
10

BP algorithm

Crossover
probability
0.3

Mutation
probability
0.1

Iterations
100

Learning
efficiency
0.1

Learning
goal
0.003

disaster consequence of each sample would also be transformed into a random variable with a normal distribution determined by the mean and standard deviation in
the same way. For those samples without specific disaster losses, some experts needed
to be invited to give the specific quantitative ranges. The data statistics and value
ranges of each sample are shown in Tables 6 and 7. After determining the mean and
standard deviation, 2000 sets of random arrays were generated through the Normand
function in MATLAB. Each sample contained 500 groups, 400 of which were for
neural network learning and 100 were for the test. Meanwhile, the same method was
used to quantify the input index of the 602cave in Yesanguan tunnel, and 100 sets of
data were generated for the result prediction.
3.3.2. Determination of network structure
The BP neural network structure is 6-10-1, with six independent variables, ten hidden
neurons and one dependent variable. The calculation formula of the coding length of
the genetic algorithm is shown in Equations (9)–(11).
S1 ¼ A

BþB

C

(9)

S2 ¼ B þ C

(10)

S3 ¼ S1 þ S2

(11)

Where, A, B and C are the number of neurons in the input layer, hidden layer and
output layer in the neural network. S1 is the weight length of the neural network. S2
is the threshold length of the neural network. S3 is the coding length of the Genetic
algorithm. So, the coding length of the genetic algorithm is 81.
According to the description of samples, 2000 sets of random arrays were generated 1600 sets of data were randomly selected for network training, and the remaining 400 sets of data were used for network testing. Sum of the error absolute values
of training data was taken as the individual fitness value. And the smaller the individual fitness value is, the better the individual is. The GA-BP neural network elements
mainly include population initialization, fitness function, selection operation, cross
operation and mutation operation (Wang 2013).
The parameter settings of the genetic algorithm and BP algorithm are shown in
Table 8. Each evolution makes the individual more adapted to the training environment. So, the larger the evolution number is, the better the training effect is. But in
practical applications, scholars often find a balance between the accuracy of the
results and the efficiency of execution. Population size refers to the total number of
individuals in any generation and is generally set artificially. The key to genetic

GEOMATICS, NATURAL HAZARDS AND RISK

1225

Figure 4. Operation flow chart of GA-BP neural network (Wang 2013).

algorithm is cross probability and mutation probability. Cross probability is used to
determine the degree to which two individuals are crossed. And mutation probability
is used to determine how many individuals will mutate during training. The operation flow chart of GA-BP neural network is shown in Figure 4.
Although the learning goal set in this article is not high. Considering that the
training data was generated by MATLAB software and the final prediction result is a
range rather than a fixed value, 0.003 is acceptable as the learning goal. The required
running code of the GA-BP neural network is shown in the Appendix B.
3.4. Calculation process
The central idea of the proposed model is to predict the disaster probability and disaster consequence, respectively, and then the risk level is judged based on both. The
calculation flow chart is shown in Figure 5.

4. Analysis of calculation results
4.1. The probability of water inrush
According to the dominant performance function and probability density distribution
of each random variable, the MATLAB software was used to estimate the water
inrush probability of the 602cave. The result is 0.3266.
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Figure 5. Calculation flow chart.

4.2. Analysis of GA-BP neural network results
During the training process of GA-BP neural network, the changes of optimal individual fitness value, the predicted output of BP neural network, prediction error and
prediction error percentage are shown in Figure 6. It could be found that the established network has high accuracy. The error percentage of the results ranges from
0.001% to 8.04%. The average value is 1.1%, and the standard deviation is 0.01.
Except for the extremely large data error, the others satisfy the requirements. The
prediction results of water inrush disaster caused by the 602cave are shown in
Table 9.

4.3. Risk assessment result of the 602cave
As can be seen from Table 9, 91 of the 100 prediction results are subordinate to the
catastrophic category in which the quantitative range is 83.66–92.55. According to the
principle of maximum membership degree, the prediction result of the 602cave water
inrush disaster is catastrophic. Combined with the 32.66% water inrush probability
calculated in the previous section, the final risk level is very high according to the
risk grading standards in Table 1. Based on the acceptance criteria mentioned earlier,
this risk level is unacceptable and must be reduced at all costs.
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Figure 6. Results analysis of GA-BP neural network (a) Optimal individual fitness, (b) Network predictive output, (c) Network prediction error, (d) Network prediction error percentage.

5. Results verification and analysis of disaster causes
On 5 August 2007, the Yesanguan Tunnel was excavated to DK124 þ 602. At about
1:00 in the morning, the water inrush disaster occurred, accompanied by a large
amount of sediment and stones. The peak water inrush lasted for nearly half an hour.
The situation of water inrush is shown in Figure 7. The total volume of water inrush
was 150,000 cubic meters, and the mud volume was 50,000 cubic meters. The water
inrush disaster caused the 200 m tunnel to be filled with sediment and killed ten people, and the maximum drowning height was 7 m. The construction team took
17 months to complete the treatment of 602cave (Shi 2014). Moreover, due to the
long-term water inrush from the tunnel, the water level of the No. 3 underground
river dropped and eventually dried up. The water inrush disaster not only changed
the geographical and hydrological environment in the area but also affected the lives
and production of local inhabitants (Ma 2012). From the perspective of disaster consequences, the actual situation fully met the definition of very high risk, which proved
the accuracy of the evaluation model established.
The reason for the large-scale water inrush is that under the action of high-pressure water, the groundwater was filled with the 602cave above the tunnel through the
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Table 9. The result of water inrush disaster prediction of the 602cave.
Very serious
Catastrophic

Number

Range

Average

Standard deviation

9
91

76.42–77.35
83.66–92.55

76.63
92.27

0.353
1.248

Figure 7. Situation of water and mud inrush in Yesangaun Tunnel (Lei 2011).

F18 fault zone and inter-layer fissures. Then, under the effect of water level difference, the intact rock strata between the tunnel and the 602cave was fractured by high
water pressure transmitted from the No. 3 underground river through the fractured
rock mass. Eventually, the against-inrush rock strata were crushed, causing large-scale
water and mud inrush, which is a typical compound geological disaster (Wu
et al. 2009).
Scholars of Shandong University (Huang et al. 2018) used the karst tunnel water
inrush and mud evaluation method (PSAM method) to evaluate water inrush of the
602cave in Yesanguan tunnel. And they concluded that the 602cave would cause a
delayed water inrush disaster. The evaluation indices in the PSAM method are mostly
at the micro level. And based on this method, it can be determined whether the
against-inrush structure is directly damaged or lagging. However, the evaluation
results are relatively simple. It can only illustrate the disaster occurrence mode, and
cannot show the probability of disaster occurrence and possible consequences. This is
obviously insufficient for a reasonable risk assessment. The comparison between the
PSAM method and the method proposed in this article are shown in Table 10.
The advantage of the proposed model in this article is that specific results of water
inrush probability and water inrush consequence can be obtained separately to evaluate the risk level. In addition, both probability calculation and disaster consequence
prediction methods can also be applied to the risk assessment of tunnel water inrush
caused by other disaster sources, such as karst pipelines. It only needs to change the
performance function, neural network structure and training samples in the application process.

6. Conclusions
For the water inrush disaster caused by the high-pressure water-rich karst cave, a
novel risk assessment model based on reliability theory and GA-BP neural network
was constructed. Based on the reliability theory, the new model provides a
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Table 10. Comparison between PSAM method and the method proposed in this article.
Required indicators

Evaluation Criteria
Output result type
Evaluation result of the 602cave

The PSAM method

The method proposed in this article

Prevention thickness, Hydraulic
pressure, Unfavorable geology,
Rock quality and integrality, Joint
state, Recharge condition of
groundwater, Hydraulic geology,
Rock strength, Attitude of rocks,
Crustal stress, Seepage state
Comparison of the calculated
prevention thickness and actual
prevention thickness
Safety, Basic safety, Delayed water
inrush, Direct water inrush
Delayed water inrush

Rock tensile strength, Poisson ratio,
Rock gravity, Internal friction
angle, Water pressure in cave,
Cohesion, Hydraulic supply, Type
of gap, Filling situation, Degree
of water enrichment, Reserves
of cave
Combination of water inrush
probability level and disaster
consequence level
Very high risk, High risk, Moderate
risk, Low risk
Very high risk（Water inrush
probability is 0.3266 and disaster
consequence is catastrophic）

quantitative calculation program for water inrush probability, which greatly compensates for the shortcomings of the previous evaluation models. And according to the
characteristics of high-pressure water-rich karst cave, the corresponding neural network was established. In the complex geological environment, the data learning from
similar samples ensures the accuracy of disaster assessment.
The suitable minimum safe thickness calculation formula was used as the performance function to calculate the probability of water inrush. The probability density distributions of various calculation parameters were used to replace fixed values, which
is consistent with the randomness of the parameters. At the same time, the GA-BP
neural network was used to predict the consequences of water inrush disaster. Six
indices, including water pressure, hydraulic supply, type of gap, filling situation,
degree of water enrichment and reserves of cave, were selected to construct a disaster
consequence evaluation system for water inrush caused by karst caves. Based on the
normrnd function, 4 sets of similar cases were selected to generate training data, test
data and prediction data of the network. Then, the established model was applied to
the 602cave in Yesanguan Tunnel. The evaluation results were in good agreement
with the actual results and the prediction results of the PSAM method, which proves
the effectiveness and superiority of the new model.
The novel model compensated for the inadequacy of some statistical data by qualitative description, quantitative processing and the method of generating random
arrays. But it should still be improved in the future. Reducing the subjective intent in
the data processing process and enriching the calculation formula of the minimum
safe thickness are problems that need to be solved.
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Appendix
Appendix A
muX ¼ [0.2255,3.515,1.55,26.22];sigmaX ¼ [0.0233,0.4626,0.117,0.672];
nS ¼ 1e6;
x ¼ [normrnd(muX(1),sigmaX(1),nS,1),normrnd(muX(2),sigmaX(2),nS,1),normrnd
(muX(3),sigmaX(3),nS,1),normrnd(muX(4),sigmaX(4),nS,1)];
g ¼ [6-x(:,3)-sqrt((15. 60.0625. (1-x(:,1).^2))./(40. x(:,2). (1-x(:,1))-48. (1 þ x(:,1)))),6-x(:,3)(3.2645./(5.6853 x(:,4)þ26.88))];
nF ¼ length(find(g < 0));
pF ¼ nF/nS
pF ¼
0.3266

Appendix B
num ¼ xlsread(’1232.xlsx’,’sheet2’,’A1:G2000’);
inputnum ¼ 6;
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hiddennum ¼ 10;
outputnum ¼ 1;
input_train ¼ num(1:1600,1:6)’;
output_train ¼ num(1:1600,7)’;
input_test ¼ num(1601:2000,1:6)’;
output_test ¼ num(1601:2000,7)’;
Note: Since the characters of most codes are the same, the rest of the codes can be queried
through the URL http://ilovematlab.cn/thread-178840-1-1.html. And the above code can run
normally on MATLAB 2018a version software.

